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METHOD, ELECTRONIC DEVICE, AND
COMPUTER PROGRAM PRODUCT FOR
GENERATING TARGET OBJECT

RELATED APPLICATION(S)

The present application claims priority to Chinese Patent
Application No. 202211258720.9, filed Oct. 14, 2022, and
entitled “Method, Electronic Device, and Computer Pro-
gram Product for Generating Target Object,” which is incor-
porated by reference herein in its entirety.

FIELD

Embodiments of the present disclosure relate to the field
of computers, and more particularly, to a method, an elec-
tronic device, and a computer program product for gener-
ating a target object.

BACKGROUND

The metaverse is a new trend that provides users with
virtual reality experiences. An important issue is whether a
metaverse application can be used in a given location
without excessive concern about computing and data access
delays. In building the metaverse, it is important to have
robust and efficient three-dimensional (3D) representations
of objects in the real world. One possible approach is to scan
objects in the real world using a high-performance hardware
device to directly generate dense point clouds. However,
such high-performance hardware devices can be unduly
expensive. A more cost-effective solution is to sparsely
record point clouds of objects by using an inexpensive
hardware device with lesser performance, and then to use a
computer vision technology (for example, deep learning) to
increase the density of the sparsely recorded point cloud so
as to achieve a denser point cloud providing a higher-
resolution 3D representation of objects in the real world.

SUMMARY

Embodiments of the present disclosure provide a method,
an electronic device, and a computer program product for
generating a target object.

According to a first aspect of the present disclosure, a
method for generating a target object is provided. The
method includes upsampling a first feature of an input point
cloud. The method further includes determining a reference
feature of a reference point cloud having a predetermined
shape. The method further includes determining a second
feature based on the upsampled first feature and the refer-
ence feature. The method further includes generating a
three-dimensional target object based on the second feature
and the input point cloud, wherein the target object has a
fitted curved surface, and the target object has a greater
number of points than the input point cloud.

According to a second aspect of the present disclosure, an
electronic device is further provided. The electronic device
includes a processor and a memory coupled to the processor,
wherein the memory has instructions stored therein, and the
instructions, when executed by the processor, cause the
electronic device to execute actions. The actions include
upsampling a first feature of an input point cloud. The
actions further include determining a reference feature of a
reference point cloud having a predetermined shape. The
actions further include determining a second feature based
on the upsampled first feature and the reference feature. The
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actions further include generating a three-dimensional target
object based on the second feature and the input point cloud,
wherein the target object has a fitted curved surface, and the
target object has a greater number of points than the input
point cloud.

According to a third aspect of the present disclosure, a
computer program product is provided, wherein the com-
puter program product is tangibly stored on a non-transitory
computer-readable medium and includes computer-execut-
able instructions, and the computer-executable instructions,
when executed by a device, cause the device to execute the
method according to the first aspect.

This Summary is provided to introduce the selection of
concepts in a simplified form, which will be further
described in the Detailed Description below. The Summary
is neither intended to identify key features or principal
features of the claimed subject matter, nor intended to limit
the scope of the claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

The above and other features, advantages, and aspects of
embodiments of the present disclosure will become more
apparent in conjunction with the accompanying drawings
and with reference to the following Detailed Description. In
the accompanying drawings, identical or similar reference
numerals represent identical or similar elements, in which:

FIG. 1 shows a schematic diagram of an example envi-
ronment in which embodiments of the present disclosure
may be implemented;

FIG. 2 shows a flow chart of a method for generating a
target object according to an example implementation of the
present disclosure;

FIG. 3 shows a schematic diagram of a deformation
model for generating a target object according to an example
implementation of the present disclosure;

FIG. 4 shows a block diagram of iteration of a method for
generating a target object according to an example imple-
mentation of the present disclosure;

FIG. 5 shows a flow chart of a process for determining a
first feature according to an example implementation of the
present disclosure;

FIG. 6 shows a flow chart of an upsampling process
according to an example implementation of the present
disclosure;

FIG. 7 shows a schematic diagram of an upsampling
process according to an example implementation of the
present disclosure;

FIG. 8 shows a flow chart of a process for determining a
second feature according to an example implementation of
the present disclosure;

FIG. 9 shows a flow chart of a process for determining a
high-frequency feature according to an example implemen-
tation of the present disclosure;

FIG. 10 shows a schematic diagram of comparison
between an input point cloud and the generated target object
according to an example implementation of the present
disclosure;

FIG. 11 shows a schematic diagram of comparison
between another input point cloud and the generated target
object according to an example implementation of the
present disclosure; and

FIG. 12 shows a block diagram of a device for generating
a target object according to an example implementation of
the present disclosure.
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In all the accompanying drawings, identical or similar
reference numerals indicate identical or similar elements.

DETAILED DESCRIPTION

Embodiments of the present disclosure will be described
in more detail below with reference to the accompanying
drawings. Although the accompanying drawings show some
embodiments of the present disclosure, it should be under-
stood that the present disclosure can be implemented in
various forms, and should not be explained as being limited
to the embodiments stated herein. Rather, these embodi-
ments are provided for understanding the present disclosure
more thoroughly and completely. It should be understood
that the accompanying drawings and embodiments of the
present disclosure are for illustrative purposes only, and are
not intended to limit the protection scope of the present
disclosure.

In the description of embodiments of the present disclo-
sure, the term “include” and similar terms thereof should be
understood as open-ended inclusion, i.e., “including but not
limited to.” The term “based on” should be understood as
“based at least in part on.” The term “an embodiment” or
“the embodiment” should be understood as “at least one
embodiment.” The terms “first,” “second,” and the like may
refer to different or identical objects. Other explicit and
implicit definitions may also be included below. In addition,
all specific numerical values herein are examples, which are
provided only to aid in understanding, and are not intended
to limit the scope.

During modeling of a target object in an environment, due
to the limitation of hardware device resources, it is generally
impossible to use a hardware device with quite high perfor-
mance (for example, a high-performance laser radar (Li-
DAR)) to scan the target object directly to generate a point
cloud that is dense enough. With the development of com-
puter vision technology and improvement of processing
capacity of computing resources, an effective solution is to
sparsely record point clouds of an object by using a hard-
ware device with common performance, and then use com-
puter vision technology (for example, deep learning) to
increase the density of the sparsely recorded point cloud, so
as to more finely implement 3D reconstruction of an object
in the real world. In conventional techniques, the processed
point cloud is inaccurate due to the presence of a large
amount of noise in the actual environment, thus resulting in
a poor effect of the 3D reconstructed target object.

In order to overcome the above disadvantages, embodi-
ments of the present disclosure provide a solution for
generating a target object. In this solution, a reference point
cloud of a reference object is taken as a reference, features
of'a point cloud of a target object are learned, and the learned
features are used to deform the reference point cloud into the
shape of the target object. In addition, 3D reconstruction of
the target object is performed directly based on the obtained
denser point cloud. Since the reference point cloud is not
affected by noise and the number of points thereof is greater
than the number of points of the point cloud of the target
object, a better 3D reconstruction effect of the target object
can be achieved.

FIG. 1 shows a schematic diagram of example environ-
ment 100 in which embodiments of the present disclosure
can be implemented. As shown in FIG. 1, example environ-
ment 100 may include laser radar 110. Laser radar 110 may
scan an object in the environment so as to generate a point
cloud. Point cloud refers to a collection of sets of vectors in
a three-dimensional coordinate system. A point cloud is
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typically obtained from scanning by a laser radar and may be
interpreted as the intensity of reflected echoes of an object
to the laser radar, which reflects the three-dimensional shape
of the object and its position in the environment. Certainly,
the method of the present disclosure may directly use an
obtained point cloud, so laser radar 110 is not always
necessarily included in example environment 100, and the
point cloud may also be obtained by using other hardware
devices.

Computing device 120 is further included in environment
100. Computing device 120 may be, for example, a com-
puting system or a server. Computing device 120 may
receive the point cloud of the target object from laser radar
110 or acquire sparse input point cloud 130 of the target
object directly via other means. Computing device 120 may
generate 3D reconstructed target object 150 using the
method of the present disclosure based on input point cloud
130 and reference point cloud 140 of a predetermined
reference object.

It should be understood that an architecture and functions
of example environment 100 are described for illustrative
purposes only, without implying any limitation to the scope
of the present disclosure. Embodiments of the present dis-
closure may also be applied to other environments having
different structures and/or functions.

As shown, input point cloud 130 is actually 3D modeling
data of an object. Input point cloud 130 may represent 3D
modeling data of an animal (for example, a lion), or input
point cloud 130 may also represent modeling data of a
building, a plant, and the like, which is not limited in the
present disclosure. It can be seen that the point cloud in input
point cloud 130 is relatively sparse, so many details cannot
be embodied well, which brings about negative effects on
subsequent application (for example, virtual reality).

Reference point cloud 140 is a reference point cloud of a
pre-determined reference object. The reference object may
be a standard sphere, so its reference point cloud is also a
uniform spherical point cloud. “Uniform” means that dis-
tances between each point in the spherical point cloud and
its adjacent points are equal. It can be understood that
reference point cloud 140 may also be in other shapes, which
is not limited in the present disclosure. It can be understood
that the number of points in reference point cloud 140 in
some embodiments is required to be greater than the number
of points in input point cloud 130. Here, N is used to
represent the number of points in the input point cloud, and
each such point may be more particularly represented with
three-dimensional coordinates, so the number of points in
the input point cloud is Nx3. It can be understood that
reference point cloud 140 may have the number of points of
aNx3, where parameter a is greater than 1, as the number of
points of reference point cloud 140 in some embodiments is
required to be greater than the number of points of input
point cloud 130. It can be understood that the laser radar
used in the present embodiment may be a laser radar with
common performance, and how many times the number of
points of the input point cloud is increased (for example,
being interpolated) may be controlled using the parameter a,
so that hardware costs can be reduced.

A process according to embodiments of the present dis-
closure will be described in detail below with reference to
FIG. 2 to FIG. 9. For ease of understanding, specific data
mentioned in the following description is illustrative and is
not intended to limit the protection scope of the present
disclosure. It should be understood that embodiments
described below may also include additional actions not
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shown and/or may omit actions shown, and the scope of the
present disclosure is not limited in this regard.

FIG. 2 shows a flow chart of method 200 for generating
a target object according to an example implementation of
the present disclosure. At block 202, a first feature of an
input point cloud is upsampled. For example, a first feature
of input point cloud 130 of a target object 150 is upsampled.
It can be understood that, in a deep learning model, feature
is an abstract concept and does not necessarily correspond to
some physical meaning(s) of the target object. For the sake
of convenience, a feature related to the target object is called
the first feature. It can be understood that if F is used to
represent the dimension of a feature specific to each point
cloud (for example, representing the length of the number of
bits of the feature), the dimension of the first feature is NxF.
It can be understood that the dimension of a reference
feature of a reference point cloud of a reference object is
alNxF.

In some embodiments, the first feature may be determined
in the following manner: scanning the target object by a
hardware device to acquire input point cloud 130; and
determining the first feature based on input point cloud 130
and using a convolution layer in a machine learning model.
As an example, the machine learning model may be a trained
deep learning model, and this deep learning model generates
the first feature based on input point cloud 130. In some
embodiments, the hardware device may include a laser
radar. An example implementation of determining the first
feature will further be illustrated below in conjunction with
FIG. 5.

In some embodiments, upsampling a first feature of input
point cloud 130 of a target object 150 includes: sampling the
first feature multiple times so that the dimension of the first
feature can be the same as the dimension of the reference
feature. As an example, the first feature may be sampled
multiple times, so that the dimension of the upsampled first
feature (also referred to as an upsampled feature) reaches
alNxF, namely, being the same as the dimension of the
reference feature. As for the process of implementing
upsampling, an example implementation of upsampling will
be described below with separate reference to FIG. 6 and
FIG. 7.

At block 204, a reference feature of a reference point
cloud having a predetermined shape is determined. For
example, a reference feature of reference point cloud 140 of
the reference object is determined. The reference object is a
predetermined regular object, for example, a standard
sphere. Thus, the reference point cloud of the reference
object is a uniform spherical point cloud, and distances
between each point in the spherical point cloud and its
adjacent points are equal. The number of points of the
reference point cloud may be alNx3, i.e., the number of
points that the point cloud of target object 150 may have.

In some embodiments, the reference feature may also be
determined based on reference point cloud 140 and using a
convolution layer in a machine learning model, which is
similar to the manner of acquiring the first feature. As an
example, the machine learning model may be a trained deep
learning model, and this deep learning model generates the
reference feature based on reference point cloud 140. It can
be understood that the dimension of the reference feature is
alNxF.

At block 206, a second feature is determined based on the
upsampled first feature and the reference feature. It can be
understood that the dimensions of both the upsampled
feature and the reference feature are aNxF and the two will
both be input into the deep learning model to determine the
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second feature, and the dimension of the second feature is
alNx3. The second feature may be understood as a motion
vector that “deforms” the shape of the reference object to the
shape of the target object by indicating how the reference
point cloud moves. With respect to the process of determin-
ing the second feature, an example implementation of deter-
mining a second feature will be described below with
separate reference to FIG. 8.

At block 208, a three-dimensional target object is gener-
ated based on the second feature and the input point cloud,
wherein the target object has a fitted curved surface, and the
target object has a greater number of points than the input
point cloud. For example, target object 150 is generated
based on the second feature and reference point cloud 140.
The number of points of target object 150 is aNx3, which
is the same as the number of points of reference point cloud
140.

In this way, the effect of increasing the N points in input
point cloud 130 of the target object to aN points of the point
cloud of target object 150 is achieved. In addition, method
200 can also implement the 3D reconstruction of the target
object directly based on the point cloud of which the number
of points is increased. With embodiments of the present
disclosure, the point cloud of the target object can be made
denser, and the increased point cloud can be made accurate
enough, so that the description of the target object is finer
and the effect of 3D reconstruction is better.

FIG. 3 shows a schematic diagram of deformation model
300 for generating a target object according to an example
implementation of the present disclosure. The steps of block
202 in FIG. 2 may be configured to be implemented at block
320 in FIG. 3. Specifically, input point cloud 130 is input to
block 310 for encoding. This encoding is a type of charac-
terization, for example, converting the coordinate relation-
ship of input point cloud 130 in space into the first feature
f1 via a one-dimensional convolution layer. The first feature
is input to block 320 for upsampling, so that an upsampled
first feature can be obtained.

The steps of block 204 of FIG. 2 may be configured to be
implemented at block 312 and block 322 of FIG. 3 so as to
determine the reference feature. Specifically, reference point
cloud 140 may be input to block 312 for encoding. Similarly,
this encoding is a type of characterization, for example,
converting the coordinate relationship of reference point
cloud 140 in space into a vector representation via a one-
dimensional convolution layer. This vector representation
may be input to a fully connected layer in block 322 for
feature extraction, so that the reference feature fr can be
obtained. It is worth noting that the number of points in the
reference point cloud may be initialized according to an
expansion factor a, that is, the number of points of the
reference point cloud may be obtained by multiplying o by
the number of points of input point cloud 130.

The steps of block 206 in FIG. 2 may be configured to be
implemented at block 330, block 332, block 334, block 336,
block 340, block 350, block 360, block 370, and block 380
so as to determine the second feature. Specifically, the
upsampled feature may be input to block 330 to generate
feature vector a (also referred to as a first intermediate
feature) using a self-attention mechanism. In parallel or
sequentially, reference feature fr may be input to block 332
to generate feature vector b (also referred to as a second
intermediate feature) using the self-attention mechanism.

At block 334, vector a and vector b may be acquired, and
vector ¢ may be generated using a cross-attention mecha-
nism. In some embodiments, vector b may be used as a
query vector. At block 336, vector b and vector a may be
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acquired, and vector d may be generated using the cross-
attention mechanism. In some embodiments, vector a may
be used as a query vector.

At block 340, the combination of vector ¢, vector d, and
vector ¢ may be normalized, and vector matrix H (also
referred to as a third intermediate feature) may be generated.
In some embodiments, vector e may be from the output of
block 312, i.e., the result of convolutional encoding of the
coordinates of the reference point cloud. In some embodi-
ments, vector matrix H may be equal to the result of
normalization of the combination ex(cxd).

At block 350, based on vector a from block 330, vector
matrix H may be subjected to singular value decomposition
(SVD), and first parameter set R and second parameter set
T may be obtained. At block 360, feature encoding of
high-frequency features may be performed based on first
parameter set R and second parameter set T to determine a
high-frequency feature. At block 370, feature encoding of
low-frequency features may be performed based on vector a
from block 330 to determine a low-frequency feature. With
respect to the process of determining the high-frequency
feature, an example implementation of determining a high-
frequency feature will be described below with separate
reference to FIG. 9.

At block 390, the low-frequency feature may be com-
bined with the high-frequency feature. At block 380, coor-
dinate mapping may be performed on the combination of the
low-frequency feature and the high-frequency feature, and
second feature f2 may be generated.

The step of block 208 may be configured to be imple-
mented at block 392, and at block 392, second feature 12 is
combined with input point cloud 130 to determine a three-
dimensional target object. It is worth noting that method 200
may be performed iteratively to optimize the effect of the
obtained three-dimensional target object 150. For example,
block 310 to block 380 of deformation model 300 discussed
previously may be repeated at block 394.

FIG. 4 shows a block diagram of iteration 400 of method
200 for generating a target object according to an example
implementation of the present disclosure. In some embodi-
ments, an iterated target object may also be generated based
on the upsampled feature and the point cloud of target object
150, wherein the iterated target object and the previous
target object have the same or different numbers of points in
their respective point clouds. Specifically, as shown in FIG.
4, the steps in blocks 202 to 208 of method 200 may be
collectively referred to as “deformation.”

After first deformation 404 and via block 430, the result
of the first deformation, i.e., intermediate object 414, can be
obtained. In the case where intermediate object 414 has a
shape preliminarily similar to the input point cloud but the
target effect is not satisfied, intermediate object 414 may be
subjected to second deformation 406, and the result of the
second deformation, i.e., intermediate object 424, can be
obtained via block 432. In the case where intermediate
object 424 has a shape more similar to the input point cloud
but the target effect is not yet satisfied, intermediate object
424 may be subjected to third deformation 408, and the
result of the third deformation, i.e., target object 150, can be
obtained via block 434. In some embodiments, if any of the
intermediate objects is deemed to satisfy the requirement
and can be output, it may also be output as target object 150.

Certainly, the number of deformations (namely, the num-
ber of iterations of method 200) is not limited in the present
disclosure. It can be understood that such process may be
repeated multiple times so as to achieve a better deformation
effect. Starting from the second deformation process, the
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reference point cloud, which serves as a reference, is the
point cloud of the target object after a previous deformation,
so this point cloud is more similar to the target object. Thus,
it may be repeated multiple times as needed so as to achieve
a better effect. As an example, the iteration is stopped when
the difference (e.g., edge difference, texture difference, and
normal line difference) between the point cloud of target
object 150 after a particular deformation and input point
cloud 130 is detected to be less than a threshold.

FIG. 5 shows a flow chart of process 500 for determining
a first feature according to an example implementation of the
present disclosure. At block 502, a target object is scanned
by a hardware device to acquire an input point cloud. For
example, a lion statue may be scanned by a laser radar to
acquire input point cloud 130. At block 504, convolutional
encoding may be performed on the coordinates of the input
point cloud based on the acquired input point cloud. For
example, the coordinates of the point cloud are converted
into a feature vector using a convolution layer.

At block 506, the encoded coordinates may be determined
as a first feature. For example, the feature vector of the
coordinates of the point cloud is used as the first feature. At
block 508, the first feature may be upsampled multiple
times.

FIG. 6 shows a flow chart of upsampling process 600
according to an example implementation of the present
disclosure. FIG. 7 shows a schematic diagram of upsampling
process 700 according to an example implementation of the
present disclosure. The upsampling process 600 or process
700 will be described below in conjunction with FIG. 6 and
FIG. 7, where process 600 and process 700 are the same or
similar processes.

At block 602, the first feature may be duplicated multiple
times (for example, a times) so as to obtain a vector with a
dimension of aNxF. For example, first feature 520 may be
duplicated 4 times (a=4) to obtain a aNxF vector.

At block 604, random vectors may be generated. For
example, N random vectors with a dimension of 2 are
generated, where each of the random vectors may be gen-
erated randomly. For example, 8 random vectors with a
dimension of 2 may be generated, as shown in vector set
710.

At block 606, the plurality of random vectors may be
combined with the vector that has been duplicated multiple
times at block 602. For example, each first feature 720 is
combined with 2 random vectors to obtain vector 730, vector
732, vector 734, and vector 736.

At block 608, the combined vectors may be input into
shared fully connected layer 740 to determine upsampled
feature 750. For example, vector 730, vector 732, vector
734, and vector 736 are input into fully connected layer 740
to acquire upsampled feature 750.

Upsampled feature 750 determined in this way has a
dimension of alNxF, which facilitates participation in the
subsequent process. In the meantime, it can be more efficient
and flexible to use a dedicated module such as block 320 in
FIG. 3 to acquire the upsampled feature. For example, when
needed, a model may be especially trained for some catego-
ries, for example, separately trained for processing build-
ings, animals, and the like, and other modules are trained
similarly.

FIG. 8 shows a flow chart of process 800 for determining
a second feature according to an example implementation of
the present disclosure. FIG. 9 shows a flow chart of process
900 for determining a high-frequency feature according to
an example implementation of the present disclosure. Pro-
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cess 800 for determining a second feature will be described
below in conjunction with FIG. 3, FIG. 8, and FIG. 9.

First, principles of the present disclosure, such as the
reason for introducing the second feature, are described in
general. As illustrated in FIG. 3, the point cloud upsampling
framework provided in embodiments of the present disclo-
sure uses uniform circle (sphere) reference point cloud 140
initialized based on expansion factor o as a starting point.
Deformation model 300 is used to learn to convert reference
point cloud 140 to be close to input point cloud 130 but with
more points. The more deformation processes there are, the
better 3D reconstruction can be obtained. The overall defor-
mation concept of deformation module 300 is to extract rigid
motion (rotation and translation) from the correlation
between two points by using singular value decomposition.
Specifically, two sets of points X=x,, X, . . . , X,€R? (input
point cloud), and Y=y,, y,. . . . , y,,€R? (reference point
cloud) are given. For the convenience of marking, the
simplest case is considered, where M=N. The method
described in the present disclosure can be easily expanded to
the case where M=N.

The rigid transformation is denoted as [R, ty] (rotation
and translation vectors), where Ry,€SO(3) (three-dimen-
sional) and teR>. If X and Y are ordered in the same way and
it is expected that the mean square error E(Ry,, t,,) be
minimized, it may be written as shown in Equation (1):

L ¥ (69)
ERyy, txy) = FZ”RXYM‘ +tyy — il
i

The solving of this minimized mean square error can be
conducted using the iterative closest point (ICP) algorithm.
To avoid costly iterative computations, the hidden main
vector can be explored by computing a cross-covariance
matrix so as to perform transformation, thus enabling a
one-step operation. For example, this can be conducted
using Equation (2):

v @
H=3 =009
=1

1Y 1Y

_in, y= _Z)’i
=1 1

where ¥ =

=
=

where H denotes the covariance matrix; X denotes the
mean of various x, in X; and y denotes the mean of various
y;inY.

Singular value decomposition may then be used to
decompose H into H=USV7. Then, the approximate solution
of Equation (1) can be obtained as Equation (3):

Ryy=VU  txy=—Ryyxty 3)

where V and U denote vector matrices, and Ry, denotes
a rotation martrix; t,, denotes a translation matrix; and T
denotes a matrix transpose operator.

Next, paired y, samples from set Y are found that can be
perfectly or otherwise appropriately aligned with the
samples in set X. Therefore, it is necessary to learn satis-
fying mapping model m, reference can be made to Equation
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(4), and reference can be made to FIG. 9 for the introduction
of the solving of Equation (4):

Q)

m(x;, ¥) = argmin [|[Rxyx; + txy — yill
x

where argmin denotes the minimization operator.

Having introduced the basic principle of determining a
second feature, process 800 of determining a second feature
will be described below in conjunction with FIG. 8. At block
802, convolutional encoding is performed on coordinates of
the reference point cloud based on the reference point cloud.
At block 804, the encoded coordinates are determined as the
reference feature. At block 806, a low-frequency feature of
the target object is determined based on the upsampled first
feature. At block 808, a high-frequency feature of the target
object is determined based on the upsampled first feature
and the reference feature. At block 810, a second feature is
determined based on the low-frequency feature and the
high-frequency feature.

The reason for introduction of the high-frequency feature
and low-frequency feature and the basic principles of imple-
mentation are described below. Generally speaking, it is
common that convolutional neural networks tend to learn
low-frequency information from images, but the generated
images are fuzzy. To encourage reconstruction around high-
frequency regions, embodiments of the present disclosure
use coordinate encoding to expand input point cloud 130 (set
X) and reference point cloud 140 (set Y) into a full-band
frequency domain. Mathematically, function B is used to
calculate coordinates p, as in Equation (5):

B(p)=(sin(2°mp),cos(2°rp), . . . , sin(2% mp),

cos(2 'mp)) (&)

where L denotes the frequency bandwidth or complexity;
and p denotes the coordinates.

This design has the same conceptual principle as the
neural tangent kernel (NTK). Embedding coordinates into a
multidimensional space can avoid “spectral bias” and force
the network to decay slowly in the high-frequency domain.
Similarly, embodiments of the present disclosure apply the
same encoding scheme to the feature domain, so that the
point cloud upsampling can be forced to be frequency-based
interpolation. That is, the network learns to insert missing
high-frequency features between low-frequency features.
Therefore, embodiments of the present disclosure combine
low-frequency (LLF) encoding and high-frequency (HF)
encoding with the features of sparse point clouds and
deformed point sets. Given LF feature F, and predicted HF
feature F,, reference can be made to Equation (6):

Y(F)=(sin(2°1F)),cos(2°xF), . . . , sin(2L 1), cos
(2"'nF)

Y(F)=(sin(2°nF,),cos(2°nF,), . . . , sin(24'nF,) cos
(2¥'nF,)

6

where the low-frequency and high-frequency features are
weighted using the softmax function so that the network can
automatically adjust their values for optimization. As
described previously, the rigid transformation can distort
reference point cloud 140 that is close to input point cloud
130. In order to learn the rigid transformation, mapping
model m is defined to find matching points. For example,
corresponding points can be selected from uniform circle Y.
Mathematically, the mapping model m can be characterized
as shown in Equation (7):
m(x, ¥)=softmax(®,P,”)

F=softmax(F+F,)-y(F)+H1-softmax(FAF,)Y(F,)

N
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where @ denotes the high-frequency feature matrix of Y;
and @, 7 denotes the transpose of the high-frequency feature
matrix of X.

In Equation (7), the softmax function is again used to
calculate the covariance matrix learned from the cross-
attention module. It can be considered as a soft pointer from
each x, to the elements of Y. Then, the matching ¥, can be
found as shown in Equation (8):

=Y Tm(xi’ Y)
where ¥, denotes the estimate of y,.
Finally, the matching ¥, and matching x, can be used to
learn the rigid (translation) transformation in Equation (3).
Using the rotation and rigid transformations, the point cloud
in reference point cloud 140 can be transformed to:

®)

Vs =R i =01, . . .

warp

M ©
where Y,,,,,,, denotes the position representation after the
transformation of y,.

Having described the basic principle of determining a
second feature, process 900 of determining a second high-
frequency will be described below in conjunction with FIG.
9. At block 902, a first intermediate feature is determined
based on the upsampled first feature. At block 904, a second
intermediate feature is determined based on the reference
feature. At block 906, a third intermediate feature is deter-
mined based on the first intermediate feature and the second
intermediate feature. At block 908, singular value decom-
position is performed on the third intermediate feature to
acquire a first parameter set and a second parameter set. At
block 910, a high-frequency feature is determined based on
the first parameter set and the second parameter set.

In some embodiments, determining a second feature
based on the low-frequency feature and the high-frequency
feature includes determining a mapping relationship
between coordinates of the reference point cloud based on
the low-frequency feature and the high-frequency feature;
and determining the second feature based on the mapping
relationship. In some embodiments, determining the map-
ping relationship includes matching, for each point in the
input point cloud, a corresponding point in the reference
point cloud; and determining the mapping relationship based
on the matched corresponding point.

In some embodiments, in order to train the transformation
model or submodules therein, a variable scale (e.g., expan-
sion factor o) point cloud process is provided. Given a target
point cloud, the present disclosure prepares a multi-scale
low-resolution point cloud and randomly selects a subset as
the input for training. The expansion factor a is used as a
label to indicate the training scheme. As the training tra-
verses different upsampling scenarios, deformation model
300 learns meta-information hidden in the point cloud and
can self-adaptively optimize the quality of the point cloud.

To learn normal lines from the point cloud, the present
disclosure uses a simple plane fitting technique to estimate
the normal line of each point. The basic idea is to center
local points and then extract feature vectors using principal
component analysis (PCA) as normal line estimates. To
learn a surface, the present disclosure uses a differential
marching cube technique to learn a surface from upsampled
points. The grid-to-point distances and beam gap losses are
then calculated to ensure that the surface is tight and smooth.

It can be understood that the processes illustrated in FIG.
8 and FIG. 9 can be applied in a machine learning model to
increase the accuracy of the model output. The SVD mecha-
nism can be used to more fully learn interrelationships
between positions of point clouds and to generate first
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parameter set R and second parameter set T (or referred to
as rotation parameter and translation parameter). The com-
bination of the rotation parameter and the translation param-
eter with the upsampled first feature can be interpreted as a
motion process, wherein this motion process (or the motion
process repeated multiple times) can eventually achieve the
accurate interpolation of the original point cloud of the target
object, thus making the input point cloud collected by the
hardware device with limited performance become dense. At
the same time, the introduction of high-frequency features
and low-frequency features can make it possible to focus on
noteworthy features in the entire spectrum. This saves
hardware cost without affecting the effect of 3D modeling
and is very beneficial for subsequent virtual reality applica-
tions.

FIG. 10 shows a schematic diagram of comparison 1000
between an input point cloud and the generated target object
according to an example implementation of the present
disclosure. FIG. 11 shows a schematic diagram of compari-
son 1100 between another input point cloud and the gener-
ated target object according to an example implementation
of the present disclosure.

Comparison 1000 shows an example of input point cloud
130 versus target object 150. Specifically, input point cloud
1002 versus the corresponding point cloud 1004 of which
the number of points has been increased, input point cloud
1002 versus the corresponding normal line estimate 1006,
and input point cloud 1002 versus the corresponding 3D
reconstructed target object 1008 are illustrated. Comparison
1100 shows an example of input point cloud 130 versus
target object 150. Specifically, input point cloud 1102 versus
the corresponding point cloud 1104 of which the number of
points has been increased, input point cloud 1102 versus the
corresponding normal line estimate 1106, and input point
cloud 1102 versus the corresponding 3D reconstructed target
object 1108 are illustrated.

As can be seen, with method 200 of the present disclosure,
the input point cloud is processed to obtain a denser point
cloud with smooth edges and no abnormally protruding
points. This allows more details of an object to be shown,
and meanwhile, it is quite useful for subsequent applica-
tions. Method 200 can also implement estimation of normal
lines and direct 3D reconstruction of the target object.

With method 200 of the present disclosure for generating
a target object, the features of the target object can be
learned and used to guide the deformation of the reference
point cloud, so as to achieve the interpolation of the point
cloud of the target object. The obtained interpolated value is
of high quality and has a strong anti-noise capability. In
addition, method 200 can improve the accuracy of normal
line estimation and the accuracy of surface reconstruction,
thus improving the effect of 3D reconstruction. Further, the
degree of the number of interpolated points in the point
cloud of the target object can be changed simply, in time, and
at any time by parameter a.

FIG. 12 shows a schematic block diagram of device 1200
that may be used to implement embodiments of the present
disclosure. Device 1200 may be the device or apparatus
described in embodiments of the present disclosure. As
shown in FIG. 12, device 1200 includes central processing
unit/graphics processing unit (CPU/GPU) 1201 that may
perform various appropriate actions and processing accord-
ing to computer program instructions stored in read-only
memory (ROM) 1202 or computer program instructions
loaded from storage unit 1208 into random access memory
(RAM) 1203. In RAM 1203, various programs and data
required for the operation of device 1200 may also be stored.
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CPU/GPU 1201, ROM 1202, and RAM 1203 are connected
to each other through bus 1204. Input/output (1/0) interface
1205 is also connected to bus 1204. Although not shown in
FIG. 12, device 1200 may also include a co-processor.

A plurality of components in device 1200 are connected
to 1/O interface 1205, including: input unit 1206, such as a
keyboard and a mouse; output unit 1207, such as various
types of displays and speakers; storage unit 1208, such as a
magnetic disk and an optical disc; and communication unit
1209, such as a network card, a modem, and a wireless
communication transceiver. Communication unit 1209
allows device 1200 to exchange information/data with other
devices over a computer network such as the Internet and/or
various telecommunication networks.

The various methods or processes described above may
be performed by CPU/GPU 1201. For example, in some
embodiments, the method may be implemented as a com-
puter software program that is tangibly included in a
machine-readable medium, such as storage unit 1208. In
some embodiments, part or all of the computer program may
be loaded and/or installed onto device 1200 via ROM 1202
and/or communication unit 1209. When the computer pro-
gram is loaded into RAM 1203 and executed by CPU/GPU
1201, one or more steps or actions of the methods or
processes described above may be performed.

In some embodiments, the methods and processes
described above may be implemented as a computer pro-
gram product. The computer program product may include
a computer-readable storage medium on which computer-
readable program instructions for performing various
aspects of the present disclosure are loaded.

The computer-readable storage medium may be a tangible
device that may retain and store instructions used by an
instruction-executing device. For example, the computer-
readable storage medium may be, but is not limited to, an
electrical storage device, a magnetic storage device, an
optical storage device, an electromagnetic storage device, a
semiconductor storage device, or any suitable combination
of'the above. More specific examples (a non-exhaustive list)
of the computer-readable storage medium include: a por-
table computer disk, a hard disk, a RAM, a ROM, an
erasable programmable read-only memory (EPROM or flash
memory), a static random access memory (SRAM), a por-
table compact disc read-only memory (CD-ROM), a digital
versatile disc (DVD), a memory stick, a floppy disk, a
mechanical encoding device, for example, a punch card or a
raised structure in a groove with instructions stored thereon,
and any suitable combination of the foregoing. The com-
puter-readable storage medium used herein is not to be
interpreted as transient signals per se, such as radio waves or
other freely propagating electromagnetic waves, electro-
magnetic waves propagating through waveguides or other
transmission media (e.g., light pulses through fiber-optic
cables), or electrical signals transmitted through electrical
wires.

The computer-readable program instructions described
herein may be downloaded from a computer-readable stor-
age medium to various computing/processing devices, or
downloaded to an external computer or external storage
device via a network, such as the Internet, a local area
network, a wide area network, and/or a wireless network.
The network may include copper transmission cables, fiber
optic transmission, wireless transmission, routers, firewalls,
switches, gateway computers, and/or edge servers. A net-
work adapter card or network interface in each computing/
processing device receives computer-readable program
instructions from a network and forwards the computer-
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readable program instructions for storage in a computer-
readable storage medium in each computing/processing
device.

The computer program instructions for performing the
operations of the present disclosure may be assembly
instructions, Instruction Set Architecture (ISA) instructions,
machine instructions, machine-related instructions, micro-
code, firmware instructions, status setting data, or source
code or object code written in any combination of one or
more programming languages, including object-oriented
programming languages as well as conventional procedural
programming languages. The computer-readable program
instructions may be executed entirely on a user computer,
partly on a user computer, as a stand-alone software pack-
age, partly on a user computer and partly on a remote
computer, or entirely on a remote computer or a server. In a
case where a remote computer is involved, the remote
computer can be connected to a user computer through any
kind of networks, including a local area network (LAN) or
a wide area network (WAN), or can be connected to an
external computer (for example, connected through the
Internet using an Internet service provider). In some embodi-
ments, an electronic circuit, such as a programmable logic
circuit, a field programmable gate array (FPGA), or a
programmable logic array (PLA), is customized by utilizing
status information of the computer-readable program
instructions. The electronic circuit may execute the com-
puter-readable program instructions so as to implement
various aspects of the present disclosure.

These computer-readable program instructions may be
provided to a processing unit of a general-purpose computer,
a special-purpose computer, or a further programmable data
processing apparatus, thereby producing a machine, such
that these instructions, when executed by the processing unit
of'the computer or the further programmable data processing
apparatus, produce means for implementing functions/ac-
tions specified in one or more blocks in the flow charts
and/or block diagrams. These computer-readable program
instructions may also be stored in a computer-readable
storage medium, and these instructions cause a computer, a
programmable data processing apparatus, and/or other
devices to operate in a specific manner; and thus the com-
puter-readable medium having instructions stored includes
an article of manufacture that includes instructions that
implement various aspects of the functions/actions specified
in one or more blocks in the flow charts and/or block
diagrams.

The computer-readable program instructions may also be
loaded to a computer, other programmable data processing
apparatuses, or other devices, so that a series of operating
steps may be executed on the computer, the other program-
mable data processing apparatuses, or the other devices to
produce a computer-implemented process, such that the
instructions executed on the computer, the other program-
mable data processing apparatuses, or the other devices may
implement the functions/actions specified in one or more
blocks in the flow charts and/or block diagrams.

The flow charts and block diagrams in the drawings
illustrate the architectures, functions, and operations of
possible implementations of the devices, methods, and com-
puter program products according to various embodiments
of the present disclosure. In this regard, each block in the
flow charts or block diagrams may represent a module, a
program segment, or part of an instruction, and the module,
program segment, or part of an instruction includes one or
more executable instructions for implementing specified
logical functions. In some alternative implementations,
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functions marked in the blocks may also occur in an order
different from that marked in the accompanying drawings.
For example, two consecutive blocks may in fact be
executed substantially concurrently, and sometimes they
may also be executed in a reverse order, depending on the
functions involved. It should be further noted that each block
in the block diagrams and/or flow charts as well as a
combination of blocks in the block diagrams and/or flow
charts may be implemented using a dedicated hardware-
based system that executes specified functions or actions, or
using a combination of special hardware and computer
instructions.

Various embodiments of the present disclosure have been
described above. The foregoing description is illustrative
rather than exhaustive, and is not limited to the disclosed
various embodiments. Numerous modifications and altera-
tions will be apparent to persons of ordinary skill in the art
without departing from the scope and spirit of the illustrated
embodiments. The selection of terms as used herein is
intended to best explain the principles and practical appli-
cations of the various embodiments and their associated
technical improvements, so as to enable persons of ordinary
skill in the art to understand the various embodiments
disclosed herein.

What is claimed is:
1. A method for generating a target object, comprising:
upsampling a first feature of an input point cloud;
determining a reference feature of a reference point cloud
having a predetermined shape;
determining a second feature based on the upsampled first
feature and the reference feature; and
generating a three-dimensional target object based on the
second feature and the input point cloud, wherein the
target object has a fitted curved surface, and the target
object has a greater number of points than the input
point cloud;
wherein in determining the second feature based on the
upsampled first feature and the reference feature, a
deformation of the reference feature is performed uti-
lizing the upsampled first feature; and
wherein said method for generating said target object is
performed by at least one computing device comprising
at least one processor that is coupled to a memory.
2. The method according to claim 1, further comprising:
generating an iterated target object based on the
upsampled first feature and a point cloud of the target
object, wherein the iterated target object and the target
object have the same or different numbers of points in
their respective point clouds.
3. The method according to claim 1, further comprising:
scanning the target object by a hardware device to acquire
the input point cloud;
performing convolutional encoding on coordinates of the
input point cloud based on the acquired input point
cloud; and
determining the encoded coordinates as the first feature.
4. The method according to claim 3, wherein the hardware
device comprises a laser radar.
5. The method according to claim 1, wherein upsampling
a first feature of an input point cloud comprises:
upsampling the first feature multiple times; and
causing the dimension of the upsampled first feature to be
the same as the dimension of the reference feature.
6. The method according to claim 1, wherein determining
the second feature comprises:
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performing convolutional encoding on coordinates of the
reference point cloud based on the reference point
cloud;

determining the encoded coordinates as the reference

feature;

determining a low-frequency feature of the target object

based on the upsampled first feature;

determining a high-frequency feature of the target object

based on the upsampled first feature and the reference
feature; and

determining the second feature based on the low-fre-

quency feature and the high-frequency feature.

7. The method according to claim 6, wherein determining
a high-frequency feature of the target object based on the
upsampled first feature and the reference feature comprises:

determining a first intermediate feature based on the

upsampled first feature;

determining a second intermediate feature based on the

reference feature;

determining a third intermediate feature based on the first

intermediate feature and the second intermediate fea-
ture;

performing a singular value decomposition on the third

intermediate feature to acquire a first parameter set and
a second parameter set; and

determining the high-frequency feature based on the first

parameter set and the second parameter set.
8. The method according to claim 6, wherein determining
the second feature based on the low-frequency feature and
the high-frequency feature comprises:
determining a mapping relationship between coordinates
of the reference point cloud based on the low-frequency
feature and the high-frequency feature; and

determining the second feature based on the mapping
relationship.

9. The method according to claim 8, wherein determining
the mapping relationship comprises:

matching, for each point in the input point cloud, a

corresponding point in the reference point cloud; and
determining the mapping relationship based on the
matched corresponding point.

10. An electronic device, comprising:

at least one processor; and

a memory coupled to the at least one processor, wherein

the memory has instructions stored therein which,
when executed by the at least one processor, cause the
electronic device to execute actions comprising:
upsampling a first feature of an input point cloud;
determining a reference feature of a reference point cloud
having a predetermined shape;

determining a second feature based on the upsampled first

feature and the reference feature; and

generating a three-dimensional target object based on the

second feature and the input point cloud, wherein the
target object has a fitted curved surface, and the target
object has a greater number of points than the input
point cloud;

wherein in determining the second feature based on the

upsampled first feature and the reference feature, a
deformation of the reference feature is performed uti-
lizing the upsampled first feature.

11. The electronic device according to claim 10, wherein
the actions further comprise:

generating an iterated target object based on the

upsampled first feature and a point cloud of the target
object, wherein the iterated target object and the target
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object have the same or different numbers of points in
their respective point clouds.
12. The electronic device according to claim 10, wherein
the actions further comprise:
scanning the target object by a hardware device to acquire
the input point cloud;
performing convolutional encoding on coordinates of the
input point cloud based on the acquired input point
cloud; and
determining the encoded coordinates as the first feature.
13. The electronic device according to claim 12, wherein
the hardware device comprises a laser radar.
14. The electronic device according to claim 10, wherein
upsampling a first feature of an input point cloud comprises:
upsampling the first feature multiple times; and
causing the dimension of the upsampled first feature to be
the same as the dimension of the reference feature.
15. The electronic device according to claim 10, wherein
determining the second feature comprises:
performing convolutional encoding on coordinates of the

reference point cloud based on the reference point
cloud;

determining the encoded coordinates as the reference
feature;

determining a low-frequency feature of the target object

based on the upsampled first feature;

determining a high-frequency feature of the target object

based on the upsampled first feature and the reference
feature; and

determining the second feature based on the low-fre-

quency feature and the high-frequency feature.

16. The electronic device according to claim 15, wherein
determining a high-frequency feature of the target object
based on the upsampled first feature and the reference
feature comprises:

determining a first intermediate feature based on the

upsampled first feature;

determining a second intermediate feature based on the

reference feature;

determining a third intermediate feature based on the first

intermediate feature and the second intermediate fea-
ture;

performing a singular value decomposition on the third

intermediate feature to acquire a first parameter set and
a second parameter set; and
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determining the high-frequency feature based on the first

parameter set and the second parameter set.
17. The electronic device according to claim 15, wherein
determining the second feature based on the low-frequency
feature and the high-frequency feature comprises:
determining a mapping relationship between coordinates
of the reference point cloud based on the low-frequency
feature and the high-frequency feature; and

determining the second feature based on the mapping
relationship.

18. The electronic device according to claim 17, wherein
determining the mapping relationship comprises:

matching, for each point in the input point cloud, a

corresponding point in the reference point cloud; and
determining the mapping relationship based on the
matched corresponding point.

19. A computer program product tangibly stored on a
non-transitory computer-readable medium and including
computer-executable instructions that, when executed by a
device, cause the device to execute a method for generating
a target object, the method comprising:

upsampling a first feature of an input point cloud;

determining a reference feature of a reference point cloud

having a predetermined shape;

determining a second feature based on the upsampled first

feature and the reference feature; and

generating a three-dimensional target object based on the

second feature and the input point cloud, wherein the
target object has a fitted curved surface, and the target
object has a greater number of points than the input
point cloud;

wherein in determining the second feature based on the

upsampled first feature and the reference feature, a
deformation of the reference feature is performed uti-
lizing the upsampled first feature.

20. The computer program product according to claim 19,
wherein the method further comprises:

generating an iterated target object based on the

upsampled first feature and a point cloud of the target
object, wherein the iterated target object and the target
object have the same or different numbers of points in
their respective point clouds.
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